Introduction
In his 1940 Rural Sociology article John Kerr Rose emphasized the potentials of rural electrification activities in the US as a field for social research. Back then, around 600,000 farms were non-electrified. The reason for Rose's interest in rural electrification was the expectation that this infrastructural leapfrog would substantially change people's life: "Opinion at its optimistic limits credits rural electrification with being the long sought equalizer of city and country, a significant step in economic and social justice, and the force which will cause prompt regurgitation of population and industry into the countryside" (ROSE 1940: 412) .
Today, some 70 years later, the issues raised by Rose are even more relevant than before with 1.3 billion people in developing countries lacking access to electricity.
Some 600 million of them are living in Africa (IEA 2011) , where the rural electrification rate is particularly low at only 11% (UNDP/WHO 2009). What Rose referred to as optimistic limits in the quote above is at the bottom of the international community's expectation: Providing access to electricity is seen as a precondition for sustainable development. Policy papers highlight the relevance of electricity notably for the achievement of the Millennium Development Goals (MDGs). Besides health and educational benefits that are expected to be triggered via improvements in public services, other impact expectations are related to income-generating uses of electricity (UN 2005 (UN , 2010 . Based on such assumptions, the United Nations have Hence, it seems that electrification in rural Africa may not bring along the prompt revolutionary changes that Rose and its contemporaries expected in the US. The observation that electricity is mostly used for consumptive purposes in households is often seen as a disappointment or even a failure of electrification projects. On the other hand, already Rose's optimistic limits not only include hard economic expectations about electrification as fuel for productive uses, but also softer ones, such as a different time allocation, a "shift in the farmers' psychology", or "nonfinancial contributions to welfare" (ROSE 1940: 418f) . In fact, in spite of the lack of substantial productive electricity use, personal discussions with people in non-electrified rural areas reveal that it is one of their most urgent needs -most importantly because of electric lighting. Closing the gap between social and economic benefits, FOUQUET AND 1 This calculation only refers to what counts as "additional" investment required in IEA's so called New Policy Scenario, which assumes certain electrification activities that would happen anyhow in the businessas-usual-scenario. So, the total costs to connect today's 1.3 billion non-electrified people can be expected to be even higher. 2 Further recent studies that try to determine welfare gains caused by electrification taking selection and program-placement biases into account are DINKELMAN (2011) The remainder of the paper is organized as follows: Section 2 introduces the country and project background. Section 3 describes the survey design and the data collection 7 work. In Section 4, the identification strategy is outlined and the results are presented. Section 5 concludes.
The Senegalese energy sector and project background
Power production in Senegal is almost entirely based on thermal power plants, which mostly run on oil and natural gas. Figure   1 ). The analysis in this paper is restricted to SHS dissemination in the Casamance region. Concerning the geographical conditions, the Casamance is largely separated from the rest of the country by The Gambia and the homonymous Casamance River.
This isolation led to both political and economic marginalization. In addition, the Casamance region strongly differs from remaining Senegal in terms of ethnicity.
While the Wolof is the predominant ethnic group across whole Senegal, the Casamance is mainly inhabited by the Jola. The Jola's quest for autonomy can be associated with the establishment of the separatist Movement of Democratic Forces in the Casamance (MDFC) that fights a guerrilla war since 1990.
The other main difference to the rest of Senegal is the predominantly subtropical vegetation in the Casamance. Along with prolific soils, these create excellent conditions for agricultural development. There is a strong tradition of growing rice and other cereals as well as groundnuts and vegetables. However, like in other parts of the regional economy, the agricultural sector suffers from chronic underinvestments, trapping the region in a status of underdeveloped infrastructure and low levels of income and education.
The data

Survey design and data collection
The data used for the analysis in this paper was collected between November and We conducted extensive field trips in the preparatory phase of the study implementation to become acquainted with the general conditions in the different project villages and areas. Based on these insights, we finalized a structured household questionnaire, which is our major survey tool, and our two-stage sampling procedure.
In the first sampling stage, a subset of villages was selected from the totality of ERSEN villages. For this purpose, we determined criteria to stratify the population of villages and selected villages to be included in the survey randomly from each stratum. The stratification criteria were set in such a way that the villages in each stratum can be considered as sufficiently comparable. The field inspections revealed that three criteria help to meet this goal: Village population size, distance to the next main road, and type of the roads that accesses the village. These criteria capture the main sources of heterogeneity that potentially affect our research outcomes: Size of the local community and access to markets and to information. We thereby selected 13 villages; seven already electrified ERSEN 1 villages and six ERSEN 2 villages without electricity access. In the second stage, we sampled 218 households within these villages. SHS users were purposefully visited, this is, all 114 SHS users in ERSEN 1 villages were interviewed. Households in the yet non-electrified ERSEN 2 villages were randomly sampled, resulting in 104 non-electrified control households.
The structured questionnaire covers all relevant socio-economic household aspects.
In addition to educational, health, and financial characteristics, the questionnaire collects detailed information on agricultural revenues as the major source of income and lighting usage. Taking into account the importance of security issues associated with lighting that came out of the qualitative pre-survey field interviews, we developed research questions and indicators on these topics as outlined in the following section and included a module with related questions accordingly.
Qualitative semi-structured interviews and focus group discussions with other (potential) beneficiaries and key informants such as schools, health stations, administrative units, and micro-enterprises complement the quantitative approach.
Research questions and indicators
The The research focus of this paper follows up to the insights we gained during the qualitative pre-survey interviews in which rural dwellers emphasized that it is mostly lighting that makes up the attractiveness of electricity. Hence, the research questions concentrate on lighting usage and related activities in SHS using and nonusing households. In a further step, we try to examine how electric lighting changes the attitudes and behavior of people. In doing so, we particularly take into account that qualitative interview partners highlighted security and comfort issues of lighting. These security issues were in some cases substantiated by "real" problems like for example the higher risk of being robbed in a non-electrified village. In other cases, they uttered a vaguer feeling of uncomfortableness of "living in obscurity".
We start out the analysis by looking at the very straightforward indicator lighting hours, which refers to the total duration of lighting usage per day across all lighting devices -be they electric or non-electric. In addition, we account for the higher We furthermore try to capture how the daily life of rural people changes in the wake of electrification by looking at nighttime activities. Given the lack of home business activities, the time school kids dedicate to study at home is the most MDG-relevant indicator we look at. More specifically we look at the total studying after school among school children and their studying after nightfall. The most ambitious task is the attempt to grasp the security issues of electrification: The more objective dimension can be included by looking at robberies and pillages or animal attacks. We incorporate the more subjective dimension of security, the perception of uncomfortableness, by asking for whether respondents feel uneasy if their children are outside after nightfall (fear) and whether the household members go out after nightfall (leaving the house after nightfall).
Impact analysis
Identification strategy
Our strategy to identify impacts of electrification on the indicators outlined in the previous section is to compare households that use SHS and thereby received the treatment to those that do not, who represent the control group. This approach only provides for a valid impact assessment if the two groups -SHS users and non-usersare comparable. However, one might reasonably suspect that households with particular characteristics self-select into SHS ownership, which casts doubts on their comparability to non-using households (see PETERS 2009). The self-selection might result, for example, from differences in the educational background: Better educated households might be more aware of advantages related to SHS usage like the fact that expenditures for inefficient lighting fuels can be saved and might as well be more capable to grasp this investment-like character of an SHS.
As a consequence, these better educated households are more likely to acquire an SHS. At the same time, they can be expected to dedicate more effort to motivating their kids to study -independently of electricity. If one then compares study hours of kids in SHS using households (which are, on average, better educated) to SHS nonusing households, one obtains a difference that is at least partly due to the higher educational level -and not only to the SHS usage status. Not accounting for such differences will lead to biased impact estimates that challenge the aim of our impact assessment to determine the genuine effect of SHS usage.
In order to increase the likeliness of finding households in the control group that are comparable to households from our treatment group, PETERS (2009) recommends recruiting the control households from areas that, in principle, lack electricity access.
In our case, these areas are the ERSEN 2 villages. Different from non-users in ERSEN 1 villages where the project is already active for longer time, it can reasonably be expected that part of the households in ERSEN 2 villages will decide to obtain an SHS in case electricity becomes available in the future. Accordingly, it can be expected that they resemble households from the treatment group of SHS users in ERSEN 1 villages with the only difference that they do not own an SHS and did not undergo changes potentially ensuing from this SHS ownership and usage (e.g. in terms of our impact indicators). Based on these considerations, we did not sample non-electrified households in ERSEN 1 villages as control group but rather the inhabitants of yet non-served ERSEN 2 villages, which serve as a reservoir to find comparable control households in a next step. In principle, the CEM approach stratifies both the treatment and the control group according to different covariates. The basic procedure is to recode each covariate in such a way that sufficiently similar values can be grouped together. For example, a continuous variable like income is transformed into a categorical variable of different income strata. In other words, the variable is coarsened. These transformed covariates are then used to match treated and non-treated observations based on an exact matching algorithm, this is, units from both groups are only assigned to the same subgroup if their coarsened covariates are identical. In case they do not find any matching partner, they are excluded from the analysis. The CEM approach, as a very straightforward way of bringing together treated and control units, exposes the pivotal idea of all matching algorithms: electrified and non-electrified households should be matched in such a way that the imbalance in covariates becomes smaller within this matched subgroup. If done successfully, the only remaining difference between the households in one subgroup is the electrification status. In contrast to other matching approaches, we actively set the degree of balance ex-ante by deciding on the extent of coarsening.
A crucial decision in applying CEM is the way in which the covariates are effectively coarsened. As IACUS, KING, AND PORRO (2012) suggest, this can be on the one hand implemented as easily as drawing a histogram, but is on the other hand a complex
and deliberative issue as it should be driven by the desired balancing in the covariates. In a nutshell, the desired balancing is a trade-off between precision and bias. The smaller the respective groups, the more similar matched partners are and the smaller is the bias. However, the smaller the respective groups, the more treated households have to be pruned due to the lack of control group counterparts in their exactly matched cell, which increases the standard error.
The definition of the extent to which the covariates are coarsened makes up the crucial difference between CEM and PSM. To point this out, one may take the stylized example of an education variable for the head of household that exhibits three values: primary school diploma, secondary school diploma, and university degree. One may further assume that there are a couple of household heads within the treatment group, while no non-treated household has a head with university degree. If the researcher decides to coarsen the variable into a binary one with primary school as one value and secondary school or university degree as the second value, she explicitly allows for including the university degree holders into the analysis. When using propensity score matching such inclusion or exclusion processes are somewhat hidden in the black box of the matching algorithm.
Implementation of the CEM approach
The selection of covariates follows the same requirements as for PSM. First, matching builds on the so-called conditional independence assumption (CIA): The outcome variables must in the end be independent of the treatment conditional on the observed covariates. The treatment in our case is whether the household has obtained an SHS. The CIA requires that the covariates are non-responsive to the connection status (ROSENBAUM 1984) . Furthermore, only covariates should be included that affect both the decision to connect and the outcome variable (SCHMIDT AND AUGURZKY 2001; CALIENDO AND KOPEINIG 2005). In the optimal case, one has pretreatment observations at hand, for example household income at the time of electricity provision. Lacking these, we utilize variables that we observe after the treatment, but for which we nevertheless assume that they fulfill these two requirements.
In our data, the following variables meet the requirements of affecting both the decision to connect and the impact indicators as well as being non-responsive to the treatment: head of household's education, bank account ownership, roofing condition in terms of the material of the dwelling, and income, which we standardize by dividing through the number of household members able to work 5 .
The reasons for including these covariates are as follows: Bank account ownership and roofing condition are proxies for wealth. Wealth can be expected to affect the household's tendency to buy an SHS, simply since richer households are more likely to already have satisfied more pressing needs and to bring up the investment and operation costs. Similar to wealth, we use the household's income to capture the selfselection process underlying the decision to obtain an SHS. For income after the electricity connection, one may as well expect a reverse causality and argue that it is affected by electrification. PETERS (2009) impacts on income. 6 Finally, the educational level of the head of household is included as covariate for reasons described in the example above when introducing the identification strategy.
In order to coarsen the variable income, we set twelve different income levels with the overall boundaries being defined by the lowest and highest income among treated households. The ten deciles of the income distribution among treated households then define the boundaries between the different income levels. This comparatively fine categorization of income is a tribute to the suspicion that the self-selection process into the SHS treatment is in fact largely driven by purchasing power. In coarsening income into many groups we intend to achieve a high comparability of observations to be included in the matched impact analysis. For the head of household's education, we only distinguish between no formal education, which includes alphabetization at informal Quran schools, and primary education or higher.
Excluding or including higher degrees here does hardly have any effect, since only very few heads of household have a degree higher than secondary school. The roofing material is coarsened into straw only and higher quality material such as zinc and roof slate. The bank account ownership variable is a binary one and, hence, does not need to be coarsened.
The covariates coarsened in this way yield 96 theoretical combinations of covariate characteristics, to which we refer as bins in the following. Out of these 96 possible combinations, 46 contain at least one observation. A treated household observed in the data is only included into the analysis if one or more counterparts can be found in the non-treated group that exhibit the same characteristics in terms of the coarsened covariates. In other words, a treated household is only included if it is allocated to a bin in which a non-treated household can also be found -and vice versa of course. In each bin, the relative frequency for treated and control units is recorded and is used as a weight for the subsequent analysis. The non-treated control observations are weighted according to the inverse of the relative frequency within a bin. If, for example, a control household is in the same bin as two treated households, the control household is weighted with the factor 2. Only in 14 out of the 46 bins, we find both treatment and control observations, which are all included in the analysis. The remaining 32 bins contain in total 24 control and 32 treatment observations that are consequently discarded from the analysis. We thereby arrive at a sample of 82 treated and 81 control households (see Table 1 ). 
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The purpose of this whole exercise is to improve the comparability of the included treated and non-treated households. In order to verify whether the matching has actually improved this comparability, one has to compare the balancing between the two groups before and after the matching process. IACUS, KING, AND PORRO (2011) propose as the central measure of balance for CEM the so-called L1-distance statistic, which basically reflects the differences in the covariate distributions between the treated and the non-treated group. It can be calculated for each covariate separately (univariate balance) and as a balance measure across all covariates (multivariate balance). To obtain the L1-distance, the distribution is again grouped into bins in a first step. 7 For the univariate case, the L1-distance then sums up the absolute differences in the frequencies of treated and control units in each bin, divided by the number of observations in both groups, respectively. In the multivariate case, the L1-distance checks for the overall balance by calculating the sum of the differences in frequencies for the multidimensional bins, this is, the different combinations of the covariate characteristics for both the treatment and control group. The L1-distance ranges between 0 and 1 with L1=0 indicating a perfect balance and L1=1 indicating completely non-overlapping distributions. See Figure 3 for a graphical representation of the univariate case.
Figure 3: Graphical representation of the determinants of the univariate L1-distance for income
Note: The histograms depict the annual household income per household member able to work before matching. ȴY i refers to the absolute difference in the frequencies of treated and control units in bin i, which is then divided by the number of observations in both groups, respectively, and summed up across all bins. Table 2 present the balancing results. The univariate L1-distances for all covariates are substantially lower after matching. The multivariate balancing check confirms the success of the matching process: The multivariate L1-distance before matching is 0.328 and is reduced to 0.132. The table furthermore displays the differences in means for each covariate as another, more common measure of balancing. This data underpins the success of the matching process: While we observe a statistically significant difference in means of all covariates before matching at a 1% level, the significance in the differences vanishes after matching. Note: The p-value refers a t-test of statistical significance for the difference in means between SHS users and non-users. p-values lower than 0.05, this is five percent, can be considered as indicating statistical significance. Min and max represent the minimum and maximum value, respectively, whereas 25%, 50% and 75% refer to the 25 th , 50 th , and 75 th percentile of the respective univariate distribution.
Results
Appliances Usage
We begin our analysis with descriptive statistics on appliance usage as the primary instruments by which change will be effected. Generally, the number of energy-using appliances is rather low among the surveyed households. Most of the appliances used by the households are entertainment and information devices (Table 3 ). The most common appliances are radios. Yet, all of them are driven by dry-cell batteries.
None of the SHS users operates a line-powered radio. The same applies to cassette recorders. While an important share among both groups has irons, all of them are operated with charcoal. The principal reason for a lack of electric irons is that the capacity of the SHS is too low for operating them. Beyond electric lighting, the only line-powered electric appliance that is used by several households are TV sets. Only one SHS using household runs an electric sewing machine. Furthermore, we present lighting sources among SHS users and non-users in more detail in order to get an idea of the lighting usage patterns of the two comparison groups. All households that own an SHS in ERSEN 1 villages use compact fluorescent lamps (energy savers), in 21% of the observed households complemented by candles. Only one household uses ordinary incandescent light bulbs. No other lighting source is used by more than 10% of the electrified households (see Table 4 ).
The reason for this is that the energy savers are included in the SHS service package paid by the households. A striking result concerning non-electrified households in ERSEN 2 villages is that the vast majority of them has already replaced candles or kerosene by fixed torches, which are battery driven torches that are installed permanently at walls inside the houses. While candles are still used by 45%, tin lamps and hurricane lanterns play a subordinated role. 
Impact Indicators
Coming to our impact indicators, Table 5 shows the demand for lighting in ERSEN 1
and ERSEN 2 households. First, we look at the amount of lighting hours consumed by the households. In fact, this indicator is lower for SHS users than for SHS non-users, mainly due to the widespread use of fixed torches, which are considerably cheaper in a total cost analysis. However, the quality in lighting, the brightness, differs substantially between SHS users and non-users. We therefore additionally examine the indicator lumen hours accounting for the lumen emitted by the different lighting sources (see Table 4 ). In spite of the slightly lower consumption of lighting hours, the SHS users consume around five times as much lumen hours as the SHS non-users.
We also present the results for matched comparison groups to mitigate a potential selection bias. The matched results turn out to not differ substantially from the unmatched ones (Table 5) . Obviously, the usage of SHS pushes the consumption of lighting to new levels -if one accounts for the lighting quality. In the following, we try to probe deeper into the question for which purposes the high-quality lighting is used. A frequently mentioned impact of better lighting availability are the improved studying conditions of children at home and, as a consequence, increased studying time among school children. In fact, children in electrified households dedicate more time to studying than their non-electrified counterparts. As can be seen from Table 6 , this difference is fully driven by a higher studying time after nightfall. Turning to the potential security impacts of electrification we first assess robberies and pillages as well as animal attacks. This has to be seen against the background of the ongoing conflict between separatist forces in the Casamance and the Senegalese army, which has destabilized the Casamance region and makes it a more unsecure place than other regions in Senegal. Some of the separatist forces, which in the beginning were politically motivated, have changed their activities to simple pillages and robberies. In fact, the data confirm substantially more robberies or pillages in the Casamance region than in the Bassin Arachidier region. Within the sample used for this paper, we observe significantly more incidents among SHS using households.
This can be explained by the fact that electrified households tend to be relatively richer and, hence, are more likely to be robbed than the non-electrified households.
In fact, the statistical significance disappears if the matching algorithm is applied, and, thereby, electrified households are compared to better-off non-electrified ones.
While one, hence, cannot conclude that electrification increases the probability of being robbed, there is neither indication in the data that the usage of electricity (notably of electric outdoor lighting at night) protects the households in any way from robberies and pillages.
Many people stated that in particular attacks by snakes and scorpions can be reduced by improved lighting. According to these statements, people in many cases simply do not see the animals and are then bitten. Additionally, they claimed that these animals are scared by lighting and, consequently, do not approach the houses anymore. When looking at SHS using and non-using households, there is no clear tendency perceivable, though. People in SHS using households are not attacked less.
We furthermore try to grasp the more subjective feeling of security in the structured questionnaire by incorporating questions on behavior during nighttime and perceptions on darkness. In qualitative interviews, people stated, for example, that they would like to leave their houses more frequently at night -but they do not do so because they are afraid of the darkness. Accordingly, we analyze the frequency of leaving the house after nightfall for SHS users and non-users. In fact, we see some indication for more activity among households with electricity. The significance of these differences in nighttime activity, though, disappears in the matched comparison for men and only stays significant for children smaller than twelve years. Furthermore, we elicited information on different perceptions on darkness and nighttime. Interviewed persons were asked if they are afraid, first, when they are outdoors after nightfall (8 pm in the study areas at the time of the survey) and, second, when their children are outdoors after nightfall. As can be seen in Table 8 , some indication can be found that electrified households are less afraid of the night. A significantly lower share of people is afraid if their kids are outside after 8 pm. Only a minority of adults is afraid when being outside at night -with these shares being equal in SHS using and non-using households. 
Conclusion
Based on household survey data from rural Senegal we analyzed the change of lighting demand and related activities and perceptions after electrification by Solar Home Systems (SHS). In doing so, we accounted for a potential self-selection bias by identifying SHS non-users that are most comparable to the SHS users by applying a matching approach. Our first result is that we find clear effects of the SHS treatment on lighting usage -if lighting quality is accounted for in terms of lumen hours.
Electrified households consume around five times more lumen hours than comparable non-electrified households. The total usage time of artificial lighting sources irrespective of their quality does, instead, not significantly differ between the two groups. This has to do with the fact that a variety of low-cost battery-run lighting devices has vastly penetrated the rural areas in Senegal -a development that progressively gathers momentum across the African continent.
We then probed into the changes that are potentially induced by the availability of improved lighting and find a significantly higher study time after nightfall of school children. This indicates that, in fact, educational conditions for children improve and that better educational outcomes can be expected. Furthermore, we dedicated particular attention to qualitative findings gained during focus group discussions and open household interviews before the survey was launched. People claimed in almost all interviews that their perceived feeling of security has increased thanks to electricity access. We made an attempt to assess these softer impacts by indicators that can be included in a structured questionnaire. We asked for animal attacks, thefts and robberies as well as subjective questions on anxiety after nightfall. No evidence can be found for a reduction of animal attacks or thefts and robberies in electrified households. In contrast, we find some indication for increased outdoor activities of rural dwellers (in particular small children) after nightfall and that people feel more comfortable at night.
Altogether, while impacts on indicators for lighting consumption and kids studying at home are quite robust, the approach towards capturing security issues, convenience and, eventually, well-being can only be considered as a first step.
Although some indicative insights can be derived from the findings presented in this paper, they also reveal the limits of quantitative studies using relatively small sample sizes. Therefore, our basic recommendation picks up again the call raised by Rose in 1940: further research is needed. In addition to the "careful and intelligent sampling" (ROSE 1940: 426) that he highlights, other methods have evolved in the last decades that could serve to shed more light on the softer impacts of electrification:
Willingness-to-pay approaches could serve to capture the overall value that household assign to electricity -accounting for all monetary (kerosene savings) and non-monetary (higher convenience) benefits. These approaches might also capture other soft benefits such as psychological effects of being part of a modern, urban-type life. In addition, security issues have to be examined on the village level as well, because spillovers to non-connected households are likely. For this purpose, a larger sample of surveyed villages is required. Likewise, a larger sample size of interviewed households might help to detect changes on the level of convenience and can be combined with the willingness-to-pay approaches and qualitative methods.
